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Anti-trust Reminder

= Southern Gas Association policy is to comply with federal and state antitrust laws.
Participants in SGA meetings and programs are not to discuss industry-wide or individual
company prices (current or projected) or matters relating to pricing such as costs, profits,
wages, market allocation, or other competitively sensitive information.

= Compliance with the antitrust laws is a requirement for SGA membership and responsibility
for compliance rests with each member and the SGA staff. Participants have an obligation
to terminate any discussion, seek legal counsel's advice, or, if necessary, terminate any
meeting if the discussion might be construed to raise antitrust risks.
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Michael Gloven, PE

President, Pipeline-Risk (PLR)

As a founder and entrepreneur, Mike leads Pipeline-Risk (PLR) providing Al based machine
learning solutions supporting energy pipeline systems and utilities worldwide. With over 30
years of experience in the oil, gas, and water industries, Mike has founded, co-founded or

led numerous technology companies with the objective of improving reliability, risk,
integrity and compliance for asset owners and operators.

Meet Your Instructor

About Pipeline-Risk (PLR)

Pipeline-Risk (PLR) is an engineering and technology company serving the oil, gas, and water
pipeline industries. The company has completed risk projects across hundreds of thousands
of miles of pipeline in North and South America using its ML.ai machine learning platform.
The objective of ML.ai is to improve the identification, prediction and mitigation of risks for
the purposes of improved safety, reliability and cost effectiveness of critical infrastructure.

[ ] [ ]
Contact Us More Information
\ +1 (303) 881-4379 www.pipeline-risk.com

info@pipeline-risk.com m www.linkedin.com/company/pipeline-risk

u www.youtube.com/@MachineLearninglntegrity
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Big Picture
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Big Picture

Artificial
Intelligence

Automated Responses to Data Patterns

(Adjust CP, Self-Repair, Reduce Pressure)
Machine

Learned . _
Models Identify Data Patterns Representing &

Influencing External Corrosion
Observations

External Corrosion Observations (Corrosion
Data & Defects) and Underlying Influencing Data
Observations (Coating Types, Soils, CP Readings, etc.)




Common Questions

= Are Machine Learned Models an Improvement Over Deterministic Models?
= Do | have Enough of the Right Data?

= Are Patterns Inferential or Predictive? What’s the Difference?

= Does the Model Meet Domain Expert Review?

= What Assets can | Apply the Learned Model?

= |s Performance Acceptable for Production Use?
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Machine Learning Process

Learning Target Training Data Learned Model Performance & Insights
(Integrity, Risk) (Observations, Predictors) (Methods, Tuning) (Validation & Acceptance)

Learn Data ™~ E% @

Test Data

Key Points
= Data Driven — Leverage Existing Data
= Validated — Models are Explicitly Validated

= Explainable — Models & Results are Fully Transparent & Explainable

= Versatile — Process may be Applied to Wide Range of Integrity & Risk Management Use Cases




Learning Methods

Function
Input Layer Hidden Layer(s) »|
Features Learned “New” y=mx+ b
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S '
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Third Party Damage
Susceptibility
(Classification)




Training Data

Hits & Near-Misses
One-Calls

Hits, Near Misses, Pipe Properties
Violations g
: Depth Cover

Activity
Land-Use
Crossings

Structures
Patrol

Public Awareness




Learning Target

Mo_Evidence F
Mo_Evidence F
Mo_Evidence F
Mo_Evidence F

Mo_Evidence F

One_Call_Violation T
MHear_Miss T
One_Call_Violation T
Mear_Miss T
Mear_Miss T
Mear_Miss T
Mo_Evidence F

| |
| |
| |
| I
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| one_call_violation T 1
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
: Mo_Evidence F :
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DocC

24.00

24.00
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33.00

30.00

26.00

26.00

34.00

41.00

31.00

24.00

Predictors

Farmland

Mot_Farmland
Mot_Farmland
Mot_Farmland
Mot_Farmland
Mot_Farmland
Mot_Farmland
Mot_Farmland
Farmland
Farmland
Farmland
Farmland
Farmland
Farmland

Farmland

Training Data
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LineMark

Line_of_Site

Line_of_Site
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Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site
Line_of_Site

Line_of_Site

PatroFreq

Semi-Annual
Semi-Annual
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Learned Model Candidate Model Performance
Classification Performance

1.00-

i - : 2
H 0.75- i
Metrics | :
= Accuracy £
= Sensitivity :
= Specificity 0.25-
= AUC
N , > ¢ : o p o . <
Model L8 A A T A e
= Xgboost Method Candidate Model ROC’s
= 2000 Trees 7 F
= 5 Depth z
= 2 Min Obs
= .0001 Loss | .

1 - Specificity 1 - Specificity




Learned Model — Global Weights

Model Predictor Importance Model Predictor Directionality
DOC
Patrol_Type-
Class- .
Line_ Marking- AN Third Party Susceptibility

n_BUILDWALUE -

Decreases as Depth of
Cover Increases

Dist_Water_Agg-

n_AGRIVALUE -

n_MUM_PEQPLE_S5Q_MI-

Pipe_Age-

Prediction

One_Call_Activity -

0.3-
Dist_Road_~Agg-
Dist_AreaWater_Ago-
Patrol_Freg- 0.25-
Dist_RR_Agg-
Dist_FP_Aga - 0.2-
2 P W & & & 5

Importance Predictor Values




Learned Model Application

Pipeline Profile
..
Higher
Probability of Third-Party Probability
0.8 Damage (T or F)

0.6-

.pred_ves

0.4-

Pipeline Segments




Learned Model Application & Explanation

Threat

[Class, 1)

+ . Drivers
Probability of Third-Party

Explanations

[Diist_AreaWater_#gg,1)
[Dist_FP_Agg,1)
[Dist_Road_Agg.1)
[Dist_RR_Agag,1)
[Dist_Water_Agg.1)
(DOC,1)
[Line_Marking,1)
[n_AGRIVALUE,1}
[n_BUILDVALUE, 1)
[n_NUM_PEOPLE_SQ_MI,1)
[One_Call_Activity,1)
(Patrel_Freq,1}
[Patrel_Type, 1}
[Pipe_Age, 1)

Pipeline Segments
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———— ——— Predictors

1 . I i . ) . _
I Lea rnlng | _Change Dist_Road_Agp DOC n_AGRIVALUE MNominal_OD Pipe_Coating Pipe_Seam st_SOIL_cor
|
: Target , ., . . . . i
| |
I 2.05 | -0.03  Limited_Impact 24.00 0.00 30.00 ASPHALT_ENAMEL DSAW High
| 2.05 : 001 Out_Of_Range 30.00 0.00 30.00 TGF_E DSAW Moderate
|
I 2.00 | 0,02 Out_Of Range 24.00 0.00 30.00 TGF_E DSAW Maoderate
I |
I 2.00 I -0.03  Limited_Impact 24.00 0.00 30.00 TGF_E DSAW Maoderate
1 2.00 : 003 Out_Of_Range 60.00 0.00 1800 TGF_A DSAW High 0\
|
I 2.00 | -0.03  Out_0Of_Range §3.00 0.00 15.00 TGF_A DSAW High I:>
[ I .
I 1.90 | -0.07  Potential_Impact 24.00 0.00 3000 TGF_E DSAW Moderate /
J -0. ut_Of_Range ] | A oderate
| 1.85 | 0.03 Oul_OiR 15.00 0.00 30.00 TGF_E DSAW Moderat .
I I Machine
| 1.80 | 0.02 Limited_Impact 24.00 0.00 18.00 FBE DSAW High . Learned
| I Learning del
1.75 I -0.03  Limited_Impact 24.00 0.00 30.00  TGF_H DSAW Maoderate Mode
I Process
| 1.70 I -0.07  Limited_Impact 24.00 0.00 30.00 TGF_E DSAW Moderate
| 1
I 1.70 I -0.07  Limited_Impact 30.00 0.00 30.00 TGF_E DSAW Maoderate
| 1.70 : -0.08 Potential_Impact 24.00 0.00 30.00 TGF_E DSAW Moderate
|
| 1.70 1 -0.08 Out_Of_Range 24.00 0.00 30.00 TGF_E DSAW Moderate
I |
I 1.70 | -0.07 Out_Of_Range 24.00 0.00 30.00 TGF_E DSAW Maoderate

Training Data




Learned Model : -

)]

Regression e
Performance i
4- - P
Metrics c ) ’
RMSE 2 Tolerance
. .
3 . ; (Confidence +/- .35
L ”~
= R2 S " . mpy 85%
° Confidence
- MAE 3 Y )
= 5 R
T 2z =
(V]
| &
a.
rmse  standard 0.27
mi rsq standard  0.54
mae standard 0.16
Performance (Filtered Table)
0-” ; Under-Predict

< 2 : 15.68% Points Exceeding Tolerance
Actual Corrosion Plotted Points: 4522




Learned Model — Global Weights

Model Predictor Importance Model Predictor Directionality

CP_Off_Change Corrosion mpy Decreases

CP_OFf_Change-| as CP Changes are Minimal

5ot _tyoe- ~ N - -~~~ -~~~ - -~~~ h

st_SOIL_corsteel - -_ 1.3- or POSItIve

st soipr- (R | -
ooc- [N 1.2-

pr_Precip_Annual -

I
Fipe_Coating - l-lll.- 1.1-
]

n_AGRIVALUE-

en_sTrRucTures_100sqM- [ c 1-
st_SOIL_drainage- I"- :.E

pist_RR_Agg- [ 5 0.9-
pist_FP_aaa- ||} =

Dist_water_aAga-  ||] 0.8-
pist_Road_sgg- [

st_SOIL_erosion- [l 0.7
Dist_AreaWater_Agg - “
Power_Dist_Agg- | 0.5
Maminal_OD -

Pipe_Seam- 0.5-

Dist_OPA_Agg- ! ! ! ! ! ! !

! ' ' h o i 48 I 4" L=

o o o 2 o o

o il ] e éﬁ i3 g3 & = o o

Importance Predictor Values




Learned Model o . . . Prioritization of
Application e | [ F ] Pipelines &
Identification of

Pipeline_5- |—- frooms smm— Outliers
Pipeline_2 - | - e g 4 b o K---—- see e ®
Outliers
Pipeline_8&- I—F pemenem ©
Pipeline_&- o ome +
plpEll ne_7- L I_-_I . Interquartile Range
(IOR)

M ea Outiiers b Outiiers
<+ ® L| oo

Pipeline_1- _—-u——u @ e { “Minimum® "Maximum"
- (Q1 - 1.5*IQR) Q1 Median Q3 (Q3 + 1.5%IQR)

(25th Percentile)  (75th Percentile)

-4 -3 -2 -1 0 1 2 3 4
Pipeline_3 - --I - k—-- e o @ ®

o Corrosion Predictions >




Learned Model Application & Explanations

Predictor Influence by Record - Break_Down

2- . .
(cn_STRUCTURES_1005QM,1)

Predicted Corrosion Corrosion

+ I“ | Drivers

N C S Ly ]
% L ,\f: )

(CP_Off_Change,1)
(Dist_AreaWater_Agg,1)
(Dist_FP_Aga,1)
(Dist_Road_Agg,1)
(Dist_RR_Aga,1)
(Dist_Water_Agg,1)
(DOC,1)
(n_AGRIVALUE,1)
(Mominal_0D,1)
(Pipe_Coating,1}
(Pipe_Seam, 1}
(Poweer_Dist_Agag,1)
(pr_Precip_Annual,1)

(st_SOIL_corsteel,1}

Expected Contribution to|from Mean

(st_SOIL_drainage,1)
(st_SOIL_erosien, 1)

(st_SOIL_pH,.1)

(st_SOIL_type 1)

Pipeline Segments




Distribution System
Monetized Risk

(QRA)




Distribution
System w\Leak
Observations
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Predictors

[
i [
| Le a r n I ng i’erenoe Coating_Type CP_Reading Diameter Dist FP Dist OPA Material MPY_Observed n_AGRIVALUE pr_Precip_Anm
I Target I
I Al A A 2 A 3 All All Al
[
1 (Leak Rate)
002 N | Mo Coating -0.90 3.00 71528 cas 0.91 139.42
[
I 000 no | PE -1.90 8.00 32809 STEEL 018 0.00
I
[ 000 Ne | PE 110 6.00 820 29 STEEL 0.49 345 31
[
’ 006 Mo | Unknown -0.90 8.00 UNK 0.66 0.00
1
I 000 Mo PE -1.60 600 171254 STEEL 0.07 345 31
| 002 No | TGF 150 6.00 540 21 STEEL 0.16 345 31 0\
[
I 001 no | Mo Impact 0.00 6.00 8333 PVC -0.00 0.00
|
1 001 No | Unknown 070 600 133441 UNK 0.3 0.00 g/
I 000 Mo | FBE 160 6.00 STEEL 113 0.00
I .
I 000 no | FEE 1.40 3.00 87958 STEEL 130 0.00 Machine Learned
I .
| 001 Ne | PE -1.90 8.00 203254 STEEL -0.18 855.06 Learning Model
|
I 001 Mo | PE 1.90 300 201835 STEEL 018 85506 Process
[
I 001 No PE -1.90 800 196373 STEEL 013 85506
| 001 Mo | PE 170 300 196168 STEEL 0.01 855 06
[
I 001 no | PE -1.00 1600 202061 STEEL 0.58 35506
[
| 001 Mo PE -1.90 1600 201444 STEEL 018 85506
I 001 Mo | PE 130 1600 222294 STEEL 0.32 85506
[
I 000 no | PE -1.80 800 217992 STEEL 010 85506
| . e
[ 003 MNo | No Coating -1.00 Tra|n|ng Data c=s 0.82 0.00



Learned Model
Application
(Predict Leaks)

Leak Probabilities

(exceeding
Criteria)

am=—0 ¥ 'Jr—__— I ] _l |
1 l @JJ“DJ , )

Al =
’_L Iﬂi‘x' DDE )
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Model Explanations Defining ] L, = TP
Cohort Mitigation and Higher Threat Risk DS S I &
Areas Driven by High e =1 - =i »t
Replacement Plans Sercy - _dfE !
P Construction Activity R St R im0 =Tis
i ee<fl] S
Predictor Influence by Record - Break_Down / o . » 3«‘-« 1L l=‘|!'==ow g A

W (Construction_Activity, 1] |

W (CP_Reading,1)
B (Depth_of Coverl)
L5 B (Diameter1)

B (Dist_FR1)
B (Dist_Road,1)
M (Dist_RR.1)
B (install_vesr1)

M (Line_Marking,1)

M (n_AGRIVALUE1)
[n_BUILDVALUE, 1)

B (n_NUM_PEOPLE_S5Q ML1)

M (Soil_Type.1}

————— - - - - == - - = ] - - — - - - - B (=t SOIL_corstesl 1)

Contribution to|from Mean



Monetized System Risk
Distribution Leaks QRA

* Consider resistance (pipe WT, toughness)
* Normalize to incident distributions (P50\P99)

Histogram (Continuous Data)

00000

Distribution of Segment = Carried Risk (SNPV) by Pipeline
Probabilites . (Cohort Replacement Program) "

Pipe Segment Length

6’\

@J”@@IJ@ o L

A 2 )

Probability of Leak —> Monetized Carried Risk by Pipeline >

Machine Learned Results QRA Monetized Risk




Deterministic
Model Validation

Deterministic Machine Learned
Models Models




“Machine Learning Adapts Your Model To Your Business
And Not The Business To Your Model”

Deterministic Models Machine Learned Models

Apply
Equations

Integrity
Data

Integrity
Data

Same Integrity Data Used for Both
Approaches




Deterministic vs. Machine Learned Performance

External Corrosion Example (Same Predictor Data - Deterministic vs. Machine Learned both Tested w\Observations)

Deterministic Model Machine Learned Model

2500-

Accuracy = 0.71 ' Threshold' " | Accuracy = 0.85
sensitivity = 0.21 ' Sensitivity = 0.51
Specificity = 0.83 Specificity = 0.96

ML Model Performs
Better than Index Model

- | Threshold :

2000-

1500-

Corrosion Not

Corrosion Found . Found

Corrosion Not

1000 Found

Corrosion Found

500-

& & L % “ il © “ A ! v B o L) o

> n o © o o o o
Predictions — Index (pipe segment scores) Predictions — Probability of Corrosion (pipe segment probabilities)

Model Learned based on Deterministic Structure Model Learned with Observational Data




Summary

Value of Machine Learning to Integrity & Risk Management

= Data Driven — Leverage Existing Data

= Validated — Models are Explicitly Validated

= Explainable — Models & Results are Fully Transparent & Explainable
= Versatile — Process may be Applied to Wide Range of Use Cases

ENSGA



Resources
Open Source Al & ML Software

= R TidyModels
= Python scikit Learn
= LLM’s

EHSGA


https://www.tidymodels.org/
https://www.tidymodels.org/
https://scikit-learn.org/stable/
https://scikit-learn.org/stable/
https://www.youtube.com/watch?v=7xTGNNLPyMI
https://www.youtube.com/watch?v=7xTGNNLPyMI
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Machine Learning for Pipeline Integrity Management
April 2nd - 31 SGA Facility in Dallas, TX

Additional Training: Introduction to Machine Learning with Hands-on Lab Exercises



Asking a Question:

Please use the Questions
Box in the control panel

ENSGA




UNSGA
ALL-ACCESS PASS

“The All-Access Pass has

been a game changer...
I've definitely been taking
advantage of it this year!”

UNLIMITED VIRTUAL TRAINING FOR YOUR ORGANIZATION.
Learn more at southerngas.org/all-access-24/



THANK YOU FOR ATTENDING

For more trainings, visit our website:
SouthernGas.org/Upcoming-Courses

To receive a PDH certificate, please
complete the course survey provided
during this class.



	Slide 1
	Slide 2
	Slide 3
	Slide 4:           
	Slide 5
	Slide 6: Big Picture
	Slide 7: Big Picture
	Slide 8: Common Questions 
	Slide 9: Machine Learning Process
	Slide 10
	Slide 11: Third Party Damage Susceptibility  (Classification)
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18: External Corrosion Severity (Regression)
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24: Distribution System Monetized Risk (QRA)
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30: Deterministic Model Validation
	Slide 31
	Slide 32
	Slide 33: Summary 
	Slide 34: Resources
	Slide 35
	Slide 36
	Slide 37
	Slide 38

